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We have developed and tested a new simple computerized finite element method (FEM) approach to
MR-to-PET nonrigid breast-image registration. The method requires five–nine fiducial skin markers
(FSMs) visible in MRI and PET that need to be located in the same spots on the breast and two on the
flanks during both scans. Patients need to be similarly positioned prone during MRI and PET scans. This
is accomplished by means of a low gamma-ray attenuation breast coil replica used as the breast support
during the PET scan. We demonstrate that, under such conditions, the observed FSM displacement
vectors between MR and PET images, distributed piecewise linearly over the breast volume, produce a
deformed FEM mesh that reasonably approximates nonrigid deformation of the breast tissue between
the MRI and PET scans. This method, which does not require a biomechanical breast tissue model, is
robust and fast. Contrary to other approaches utilizing voxel intensity-based similarity measures or
surface matching, our method works for matching MR with pure molecular images (i.e. PET or SPECT
only). Our method does not require a good initialization and would not be trapped by local minima
during registration process. All processing including FSMs detection and matching, and mesh
generation can be fully automated. We tested our method on MR and PET breast images acquired for
15 subjects. The procedure yielded good quality images with an average target registration error below
4mm (i.e. well below PET spatial resolution of 6–7mm). Based on the results obtained for 15 subjects
studied to date, we conclude that this is a very fast and a well-performing method for MR-to-PET
breast-image nonrigid registration. Therefore, it is a promising approach in clinical practice.
This method can be easily applied to nonrigid registration of MRI or CT of any type of soft-tissue
images to their molecular counterparts such as obtained using PET and SPECT.
& 2009 Elsevier Ltd. All rights reserved.1. Introduction
1.1. Breast cancer imaging
Breast cancer is the most common form of cancer among
women in the United States [1,2]. X-ray mammography is the
primary – highly sensitive but not very specific – way to screen
and diagnose breast cancer. When a suspicious abnormality is
detected, additional imaging and biopsies are necessary [3].
Breast biopsy is a highly specific and sensitive method, but it is
an invasive and sometimes painful procedure, leaving scar tissue
that can confound future breast exams. About half the time, it isll rights reserved.
x: +902327506599.
runlu@gmail.com,negative [4–8]. Therefore, it is desirable to have an alternative,
noninvasive method to follow up equivocal or difficult-to-
interpret X-ray mammograms, or any other inconclusive breast
examination. Such methods include F-18-FDG PET [9–13] and MRI
[14,15] since both are well-established methods for breast cancer
detection in their own rights. MRI provides high sensitivity
(95–99%) and variable specificity (50–92%), while F-18-FDG-PET
demonstrates variable sensitivity (63–95%) and high specificity
(80–95%) [16]. Therefore, it is reasonable to conjecture that the
combination of F-18-FDG PET with MRI and perhaps with some
other noninvasive breast examination methods (e.g. breast SPECT
or magnetic resonance spectroscopy) might provide sufficient
diagnostic specificity to allow substitution of breast biopsy with a
set of noninvasive imaging procedures. Indeed, Rieber et al. [17]
noted that the findings of either or both methods positively
affected patients’ surgical treatment in 12.5–15% of cases. Walter
et al. [18] reported that the combination of F-18-FDG PET and MRI
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Moy et al. [16,19] reported that fused PET and MR breast images
increased the specificity (from 52% to 95%) but decreased the
sensitivity (from 92% to 63%) of a combined examination,
compared to MRI alone.
There are ongoing efforts to combine PET and MRI scanners
into a single unit [20,21]. It is difficult-to-predict when such
devices would be available and how much they would cost.
Therefore, it seems appropriate now to develop imaging protocols
and image-processing methods that would allow registration and
fusion of MR and PET breast images acquired on separate
scanners, in order to improve the diagnostic efficacy of both
methods.2. MR-to-PET image registration
The registration of MR images to PET images could be based on
extrinsic (prospective) and intrinsic (retrospective) techniques
[22–28]. The registration process could also be classified as
feature-based or intensity-based. The former rely on the geo-
metric information extracted from images, (e.g. segmented
volumes or surfaces, or corresponding meshes) while the latter
takes advantage of relationship between intensities in the
matched images. Somer et al. [29] proposed a hybrid method
for MR-to-PET registration of soft-tissue images that took
advantage of CT images already registered to PET that were
acquired using a PET/CT scanner. They performed MR-to-CT rigid
registration followed by nonrigid (intensity-based) registration
and utilized the obtained MR-to-CT transformations to register
MR-to-PET images and concluded that it improved registration
accuracy over direct rigid-only MR-to-PET registration.
There are relatively few publications on monomodal and
multimodal breast registration. Zuo et al. [30] performed rigid
registration on MR-to-MR breast images acquired in dynamic
breast studies employing the approach of Woods et al. [31],
relying on minimization of the variance of intensity ratios. Kumar
et al. [32] performed nonrigid registration of two breast MR
images by minimizing the sum of squared intensity differences
between the images. Rueckert [33] reported MR-to-MR registra-
tion in dynamic MR breast imaging using affine transformation
for the global breast motion, and free-form deformation based
on B-splines for the local breast motion. A modification of
this approach that assured preservation of the volume was
reported by Rohfing et al. [34]. Validation studies of the
aforementioned methods were performed by Tanner et al. [35].
Normalized mutual information was used as a similarity measure.
The fluid flow [36] and optical flow [37] techniques have also
been applied to MR-to-MR breast-image registration. All these
approaches rely on well-defined relationships between voxel
intensities between the images being registered and all involve
optimization. Therefore, they require a good initialization, might
be trapped by local minima and tend to be computationally
expensive. Due to differences in resolution of PET and MRI, as well
as vastly different image formation processes, intensity relation-
ships in PET and MR images are ill defined. Consequently, such
techniques, which rely on similarity measures, generally provide
unsatisfactory results for nonrigid MR-to-PET registration of soft
tissue.
We have reported initial results on MR-to-PET breast-image
registration [38–42] using our approach based on the finite
element method (FEM) and using up to nine external fiducial skin
markers per breast. The mean registration error was estimated,
using elastic phantom and patient data, at approximately 5mm.
Noz and colleagues [16,19,43] reported results of MR-to-PET
breast-image registration using their landmark-based nonrigidregistration method [44]. Between 12 and 40 arbitrarily selected
cohomologous points per breast were used including ‘‘absolute
landmarks located on recognizable anatomic structures e.g. a specific
part of the nipple’’ and ‘‘relative landmarks-anatomic structures/
points relative to an absolute landmark e.g. the apex of the left
ventricle and skin boundaries’’. The method failed in 20% cases
reported in [19], and no quantitative estimation of the registration
accuracy was provided.3. Deformable soft tissue models and their application to
image registration
Deformable models have been applied to predict mechanical
deformations of tissues or organs based on biomechanical
tissue properties and to perform nonrigid image registration.
They include brain-shift modeling [45,46]; heart-kinetics model-
ing [47–50]; breast-compression simulation, such as in X-ray
mammography [49,51–54]; and breast-image registration
[55–57].
A number of studies devoted to modeling deformation of the
breast tissue have been recently published [51,53,55,56,58,59].
They have been applied mostly to elastography for obtaining
elastic moduli of tissues under compression for tumor detection,
or for comparison of deformed MR volumes. In most of these
studies, large deformations were considered, and information on
patient-specific breast morphology and on elastic-tissue proper-
ties was required. Samani et al. [55] proposed a finite element
method (FEM) model, based on biomechanical principles, to
predict breast-tissue deformations. They described their FEM
simulations of the breast qualitatively only using two different
approaches. In the first, they used a linear elastic-tissue model to
simulate a 50% deformation of the breast. In the second approach,
they simulated 8mm compression of the breast, using a nonlinear
tissue model based on the measurements by Wellman [60] of
stress–strain relationships in breast tissue. Azar [61] simulated
breast deformation for application in MRI-guided biopsy. The
geometry of the model was constructed from MR data, and
mechanical properties were elucidated using a nonlinear material
model. Another approach to modeling breast-tissue deformation
was reported by Ruiter et al. [53,58]. They registered 3D MR
breast volumes and 2D projections of X-ray mammograms,
using 3D FEM simulation of breast deformation, based on a
biomechanical model of mammographic compression. The geo-
metry of the model was inferred from MR data, and the
compression simulation was formulated using deformation
information derived from X-ray mammograms and physical
properties of breast tissue. They reported 5mm registration
accuracy. All these physically based deformable breast models
have proved to be very difficult to implement, because of complex
and patient-specific breast-tissue morphology and highly non-
linear (hyperplastic) and difficult-to-measure elastic properties of
different types of tissues in the breast, as well as explicitly
unknown boundary conditions [55]. This has limited their
acceptance for clinical work.4. FEM model for MR-to-PET nonrigid breast-image
registration
We have developed and implemented an imaging strategy,
a suitable simple FEM model, and image-processing algorithms
for nonrigid 3D registration of breast images (Fig. 1). It was tested
on human subjects under a protocol strictly following federal
guidelines and approved by our Institutional Review Board. This
approach requires a small number of external fiducial skin
ARTICLE IN PRESS
Fig. 2. MRI breast coil replica (left) with body support system (right) used during
PET scans. It is made of Styrofoam and covered with a polyester cloth.
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surface of the examined breast. It does not require difficult-to-
obtain information on the patient-specific elastic properties of the
breast tissue. To limit relative stress change in the breast between
scans, we used practically identical patient supports and similar
positioning in both modalities. For this purpose, during PET scans
we used an MRI breast coil replica made of Styrofoam (Fig. 2).
We estimate that the breast positioning error was 11.573.0mm,
with corresponding relative stress change in the breast of 3772%
(Section 6.1.5). Under these conditions, the observed
displacements, after rigid alignment of moving and target
images, are due to stress change and due to underlying
biological and physical differences in the imaging process and in
the reconstruction algorithms used, including differences in the
scanners’ spatial distortion and resolution, and the signal-to-noise
ratio [62,63]. Our model compensates for such dissimilarities. In
addition, it compensates for displacements resulting from
physiological and other motion. It can be classified as a point-
based registration method combined with a deformable FEM
model.Fig. 1. General block diagram of our deformable finite element method (FEM)
model for 3D MR-to-PET nonrigid breast-image registration. Only MR and PET
images are required.
Table 1
MRI protocol.
Step Operation
1 Marking in ink locations of FSMs on the breast skin
2 MRI-visible fiducial markers attached on the breasts
3 Patient positioned in prone position in the scanner with breasts
dependent but constrained in MRI breast coil
4 IV line placed in antecubital vein (22 or 20 gauge needle) in the side
contralateral to the breast with suspicious lesion. Gd-DTPA (Magnevist;
Schering AG) is delivered (0.15mmol/kg) at constant flow 1.5ml/s
directly followed by 20ml physiologic saline solution after Pre-Gd scan
is acquired
5 Field-of-view centered over breasts: 360360mm2 except for sagittal
images that are 400400mm2
6 Breast imaging sequences applied (Table 2)
7 MR image reconstruction. Images are reconstructed by 2D (multislice) or
3D Fourier transforms. K-space data are zero-filled to 256 or 512
complex data points, with a small amount of apodization (ringing filter).
Reconstructed image matrix sizes are either 256256 or 5125124.1. MRI and PET/CT data acquisition
4.1.1. Magnetic resonance image acquisition
MRI data acquisition was carried out by a 1.5 T MRI system
(Intera, Philips Healthcare) using a standard Philips clinical breast
coil without quadrature detection or parallel receiver technology.
To acquire the MR data, we followed the acquisition protocol
described in Table 1 and used sequences listed in Table 2.
4.1.2. Positron emission tomography image acquisition
PET/CT data acquisition was performed by means of a PET/CT
scanner (Discovery ST, GE Healthcare) following the protocols
listed in Table 3. One should note that CT data are not required for
application of our method in which primary objective is
registration of PET and MR images. However, if coregistered PET
and CT images are available (from a PET/CT scanner), than the CT
data can be used to improve registration accuracy.
4.2. Image preprocessing and rigid registration
Before carrying out the steps of our nonrigid registration
algorithm, MRI and PET data sets needed to be preprocessed and
rigidly registered. The rigid registration was facilitated by two
sets of fiducial skin markers visible in PET and MRI: one located
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Table 2
MRI sequences used.
Technique Resolution TR/TE/(ET) Comment
Scout in three planes Locate anatomy relative to isocenter
HiRes 3D FFE 320256120 (1.1mm) 14/3 Isotropic 3D for image fusion calculation
T1 axial TSE 256256 (4mm) 750/7/4 Fat suppressed anatomy
T2 axial TSE 256196 (5mm) 5600/84/14 Accentuates fluids
Axial 3D SPIR 32027030 (3mm) 35/5.2 IR prep.; high resolution anatomy
Left Sag 3D SPIR 32027030 (3mm) 35/5.2 IR prep.; high resolution anatomy
Right Sag 3D SPIR 32027030 (3mm) 35/5.2 IR prep.; high resolution anatomy
Dynamic GRE 32027070 (3mm) 5.4/2.1 Pre-Gd baseline reference
Dynamic GRE 38030470 (2.53mm) 5.4/2.1 During Gd–DTPA injection and five more measurements at 90 s intervals
FSMs=Fiducial skin markers, FFE=Fast field echo (a gradient echo technique), [GRE], non-steady state), TSE=Turbo spin echo (a multislice spin echo technique with
multiple phase encodings per TR), SPIR=Spectral presaturation with inversion recovery (fat signal suppression). GRE=Gradient recall echo (radio frequency pulse sequence)
Table 3
F-18-FDG-PET/CT protocol.
Step Operation
1 PET-visible fiducial skin markers taped to the breasts at previously
marked (before MRI scan) locations
2 Patient positioned in prone position in the scanner with breasts
dependent but constrained in MRI breast coil mold (Fig. 2)
3 Field-of-view centered over breasts
4 10mCi F-18 FDG injected in the medial antecubital vein (22 or 20 gauge
needle) in the side contralateral to the breast with the suspicious lesion
5 CT scout scan: 3 bed positions, 10 s, 120 kVp, 10mA, followed by
landmark setting
6 CT attenuation correction: 1 bed position, 20 s, 140 kVp, 120mA, and
helical scan
7 PET dynamic acquisition: 2D with septa, 10 scans at 5min each, for total
of 50min; or 50 scans at 1min each, for total of 50min
8 Reconstruction: 4.25mm slice interval, 512512 matrix, 47 slices per
bed position plus 2 slice overlap. Emission was reconstructed with
4.25mm voxel size, 128128 matrix, 47 slices per bed position,
diameter 60 cm, OSEM algorithm, 30 subsets, 2 iterations, post filter
6.0mm, loop filter 4.7mm, with z-axis filter, measured via CT
attenuation correction; randoms corrected by singles, correction for
dead time, correction for decay, correction for geometry, scatter
compensation by fitting, well counter corrected for sensitivity and
activity
OSEM=Ordered subsets expectation maximization
Table 4
Methodology of image preprocessing and rigid registration.
Step Operation
1 Open PET, CT and MR images in axial views
2 Normalize PET data to bring all the slices to the same level of intensity
3 Bring all the images into the same orientation according to MRI data.
Obtain stack of images in prone position with slices arranged from
posterior to anterior
4 Convert PET, CT, and MRI data to the isotropic matrices with voxel size
equal to the voxel size of MRI in x and y direction in axial view
5 Crop the images in 3D according to MRI data. PET and CT image space
needs to be of the same size as MR image space
6 Localize matching pairs of fiducial skin markers in PET and MR images
and calculate their centroids
7 (i) Create a 3D cropping window in the PET image space with the same
size as MR image.
(ii) Shift the 3D cropping window appropriately until the distances
between the markers and its vertices are the same as the distance
between the marker centroids and the vertices of the MR image.
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operations applied in this phase of data processing are listed in
Table 4. They were performed automatically using our custom-
written plug-in in ImageJ1 software.4.3. Fiducial skin markers and their localization
In our research clinical protocol, fiducial skin markers (FSMs)
were placed on the study subjects’ breast skin in a predefined
pattern (Fig. 3) and at two additional locations on the left and
right flank. Small crosses were inked on the appropriate locations
on subjects’ skin with henna to identify marker locations, and the
subjects were instructed not to erase them between MRI and PET
scans. Separate FSMs were used for MR and for F-18-FDG PET
imaging because it was difficult to make one universal FSM visible
in both MRI and PET. For MRI scanning, we used custom-made,
spherically shaped, gel-based FSMs with diameter 5mm. The
gel composition was selected by trial and error to minimize the
permeability artifacts in the MRI sequences used. Indeed, we have
not observed any significant artifacts, e.g. due to chemical shift.
For PET imaging, we used custom-made2, sealed, 0.5mCi Ge-681 http://rsb.info.nih.gov/ij/.
2 PET fiducial skin markers were provided CTI molecular imaging.sources, each contained in a spherical container not exceeding
1mm in diameter, placed in the center of a flexible transparent
plastic disk (1mm thick and 20mm in diameter) with a cross-hair
printed on it. This amount of activity was selected based on tests
with a set of markers each containing activity in the range
0.1–10mCi. Too much activity in FSM resulted in ‘‘hot’’ spots in the
reconstructed images interfering with breast tissue images. Too
little activity in a FSM prevented proper visualization of the
marker.
The markers taped on the breast surface at the inked locations
were used to sample the displacement field between the moving
(MR) and the target (PET) images (Fig. 3). The number and
location of the markers must be sufficient to properly sample the
breast domain. In order to determine the minimum number and
acceptable locations of markers necessary to assure good quality
registration, we performed target registration error (TRE) vs.
number of FSMs analysis (Section 6.1.1). We have established
that, depending on the breast tissue volume, 5–9 markers per
breast are sufficient to sample the tissue deformation at an
acceptable level of error.
The first step of data processing involved display of the PET
and MR images in the common coordinate system and identifica-
tion of the corresponding fiducial skin markers in the target (PET)
and in the moving (MR) images. The Euclidian distances between
corresponding markers (one visible in MRI and one visible in PET)
were calculated for each marker pair and they defined a set of the
displacement vectors that were used in our nonrigid FEM-based
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Fig. 3. Images of fiducial skin markers (encircled in yellow) acquired during PET (left panel) and MRI (center panel) for the same subject shown in axial views. Right panel:
predefined pattern of fiducial skin markers (crosses) placement on the study subjects’ breast skin and flanks shown in coronal view. For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.
Step 1 Step 2 Step 3
Fig. 4. Example of estimation of patient-specific surface geometry of the breast from coronal sections of the moving (MR) image. Step 1: thresholding; step 2: erosion and
dilation operations; step 3: outlining the breast contour.
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prior knowledge on the markers’ anatomical locations performed
manually the procedure of corresponding markers identification.
The second step of data processing dealt with estimation of
Cartesian coordinates of PET and MR image centroid for each
marker in the common coordinate system. This procedure was
performed using the iterative knowledge-based method described
by Wang et al. [64]. In this, approach the user first identifies a
voxel belonging to a marker, and then the algorithm finds the
lowest threshold defining a set of voxels connected in 3D to the
selected voxel that could form an object with proper geometrical
extent to be a marker. The effective size of a marker’s image is
defined by its physical size and the spatial resolution of the
imaging system. The algorithm estimates the coordinates of the
centroid of the image of a marker by calculating location of its
geometrical center.
We established that the total time required for manual
identification of corresponding skin markers and for calculations3
of the centroids’ locations was about 25–30 s for nine pairs of
markers per breast. Recently, we have implemented automated
localization of fiducial skin markers using correlation pattern
recognition [65]. It further reduced the processing time.
4.4. Estimation of patient-specific surface geometry of the breast
After performing FSMs localization and estimation of the
displacement vectors, the patient-specific surface geometry of the
breast was obtained from coronal or sagittal MR images for a
single breast or both breasts registration, respectively. For 3D fast
field echo (FFE) T1-weighted MR sequences without fat suppres-
sion, this has been accomplished by global thresholding with a
user-selected threshold value. Fig. 4 shows an example of this
process. Because we automated this part of image processing, the
time required to obtain the patient-specific surface geometry of
one breast was about 10 s. For other MRI sequences where the
boundaries of the breast tissue are not as clearly defined, more
elaborate approaches (e.g. level sets [66]) are needed for3 Performed by custom plug-in written in ImageJ, http://rsbweb.nih.gov/ij/.segmentation of the breast tissue. Consequently, for each
subject a set of coronal and sagittal breast contours was
obtained and used to create an input file for the commercial
FEM software that we employed.4
4.5. Finite element mesh generation in 3D
After obtaining patient-specific surface geometry of the breast,
the breast surface and volume was meshed first. Our custom-
written plug-in in ImageJ took the set of coronal or sagittal breast
contours, prepared in the previous step as an input, and generated
the 3D finite element model (FEM) file of the breast to be used as
an input by an FEM software, ANSYS. The file contained the
geometry of the breast built using key points, splines, and
volumes, as well as the definition of the surface and the volume
elements, and the displacement vectors. To initialize the algo-
rithm, the plug-in required the user to enter the number of key
points for each slice, as well as the slice increment in order to
approximate the breast surface using B-splines. After several tests,
we decided to choose the number of key points equal to 24 (which
corresponds to sampling a surface contour at every 151), and the
slice increment equal to five, while processing a single breast
geometry using coronal cross-sections, and equal to eight while
processing simultaneously both the left and right breast of the
same subject using sagittal cross-sections. Consequently, a
patient-specific FEM mesh was created for each study participant
(Fig. 5). Two mesh element types have been used in the study: a
3-node triangular shell element for the breast surface, and a 10-
node tetrahedral volume element for the interior of the breast
(Fig. 6).
4.6. Breast tissue geometric deformation estimation using FEM with
fiducial skin markers—only PET and MR images are required
In order to estimate geometric deformation of breast-tissue
using the low number of observed MRI–PET displacement vectors,
we exploited an analogy between the breast-volume geometric4 ANSYS ver. 5.7.1, ANSYS, Inc. Canonsburg, Pennsylvania.
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Fig. 5. Left panel: example of meshed breast surface. Right panel: distribution of
displacement vectors over entire breast surface. The calibration bar shows the
displacement range maximum–minimum vector values. Both images were
obtained using the ANSYS FEM software.
Fig. 6. Left panel: three-node thermal shell mesh element (ANSYS
element: SHELL57). Right panel: 10-node tetrahedral thermal-solid mesh element
(ANSYS element: SOLID87).
5 Using a 3GHz, dual Xeon processor PC.
6 The corresponding points are defined here as the closest points.
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heat transfer (SSHT) in solids. In this approach, the material
properties of the FEM model are the coefficients of ‘‘thermal
conductivities.’’ Because we are only interested in the ‘‘tempera-
ture’’ differences, equivalent in our model to the Cartesian
components of the nodal displacement vectors, the solution is
independent of the magnitudes of the material properties. The breast
tissue surface and a small set of the measured displacement
vectors (‘‘loads’’) at FSMs provide the boundary conditions for
FEM. In view of the fact that in reality each node of the breast
surface is displaced to some degree (not just the nodes next to
FSMs) with smooth and slow variation across the surface, one
should avoid creating artificial singularities at the locations of the
known FSMs. Such singularities would result in nonphysical
solutions with incorrectly large displacements (i.e. large local
deformations) concentrated near the FSMs. Therefore, one needs
to interpolate and extrapolate the displacements from a small set
of the measured displacement vectors at the FSM points to a very
large number of displacement vectors—one for every surface
node. To accomplish this task, a layer of triangular elements (Figs.
5 and 6) is placed at the surface of the breast-tissue mesh. The
coefficients of conduction assigned to these elements are
arbitrarily set to be 1000-fold greater than those assigned to the
solid elements in the interior of the breast. As a result, the surface
layer reaches steady state 1000 times faster than the breast
interior. We investigated what is the correlation between the
surface-to-bulk (Sc/Bc) ratio of thermal conductivities and the
solutions obtained, and we have determined that solutions are
independent of this ratio for Sc/Bc4100. Using the ANSYS FEM
software, the SSHT FEM model was solved three times, once for
each of the three orthogonal (x, y, z) directions. The z direction,
parallel to the gravity vector during the scans, was roughly
perpendicular to the chest wall. The x and y directions were,
craniocaudal (from the sternum to the head) and mediolateral
(from the sternum to the right shoulder), respectively. As a result
of this processing, a dense displacement field (i.e. a displacementvector for every node) was obtained by distributing, piecewise
linearly, the Cartesian components of the FSM displacement
vectors first over the breast surface, and then throughout its
volume. Since a steady state temperature distribution problem is
linear, finite element run times were very small. The execution
time was about 60 s per Cartesian component for the entire
mesh.5 Such short processing time is vital if the procedure is to be
used in a clinical setting.
4.7. Image-warping algorithm—interpolation of the FEM solution
The SSHT FEM computation yields a displacement vector at
each node of the finite-element mesh. In order to create a 3D
image of the deformed breast, the image-intensity values need to
be obtained for every voxel of the breast volume. An image-
warping algorithm performs this task. Displacement vectors for
each voxel are estimated using a weighted sum of the element’s
nodal displacements, with the weights equal to the element’s
node shape function [61,67]
u¼
XNnodes
i ¼ 1
Neli u
el
i ð1Þ
where Nnodes is the number of nodes in the element, N
el
i is the
element’s node shape function, and ueli is the nodal displacement
vector. Finally, the image-intensity values for each voxel are
interpolated via a truncated sinc interpolation kernel [68].
4.8. Optional step: breast tissue geometric deformation estimation
using a surface-matching algorithm and spatially coregistered CT
images
Here, we should clearly point out that our SSHT FEM algorithm
is mainly designed for the MR-to-PET breast-image registration.
It does not require CT data and it performs well. However, it can
also take advantage of additional CT data if available. If
coregistered CT data are available (e.g. provided by a PET/CT
scanner), as a second optional step, a surface-matching algorithm
can be applied to correct for small misregistration (below 4mm)
that can occur in some locations away from FSMs (Fig. 7). In this
optional step, the FSM displacements cannot be used, because
they had been already aligned. Instead, one can use the
displacements observed at selected corresponding surface
points, where misregistration between MR- and CT-rendered
breast surfaces is detected (Fig. 8).
The displacement vectors estimated for the selected corre-
sponding surface points were used to determine the nonrigid
transformation needed to further improve registration of the PET
and MRI volumes. For this purpose, the MRI-derived surface
regions that exhibited mismatch with the CT-derived surface
were determined using a tolerance value set to be equal to the
MRI voxel size (0.7mm). Because the target (PET) and the moving
(MR) volumes have already been aligned in 3D using measured
FSMs displacements; in this step, a radial method of establishing
point correspondence between CT and MRI was used. For this
purpose, the selected surface regions that needed to be better
matched were first determined and represented by curves in the
moving and target image slices. In the second step, the rays
originating from the ‘‘center of mass’’ of each MR image slice with
a preset angular sampling were used to determine the corre-
sponding points6 on moving- and target-volume surfaces. The
Euclidian distances between the corresponding points on surfaces
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Fig. 7. General block diagram of our iterative deformable finite element method
(FEM) model for 3D MR-to-PET nonrigid breast-image registration including the
optional MR-to-CT surface matching, if spatially coregistered CT images are
available in addition to PET and MR images.
Fig. 8. Left panel: definition of corresponding points on surfaces of moving (MR)
and target (PET) images (see text). Gray: breast surface obtained from CT image
(acquired by PET/CT scanner). White: breast surface obtained from MRI. Right
panel: partial zoomed view of displacement vectors obtained for previously
defined (left panel) corresponding points on the surfaces.
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vectors. Consequently, they were used as ‘‘loads’’ in our SSHT FEM
model (Sections 4.5 and 4.6) and the moving (MR) image was
geometrically deformed for a second time.5. Experimental studies
5.1. Study participants
We have acquired PET/CT and MRI data with fiducial skin
markers on 15 human subjects under an approved Institutional
Review Board protocol. We have tested our method on 15
consecutive subjects that were enrolled in our protocol
(the mean age was 54.3711). The total number of participants
was limited by the amount of funding available. We have not
selected ‘‘the best’’ data matching our study design. Rather, we
processed all participants’ data in the same way without any
prejudice. The majority of the subjects were referred for
evaluation for participation in the study protocol from the
Comprehensive Breast Care Center at SUNY Upstate Medical
University Hospital. Subjects seen at the Breast Care Center who
were found to have either a suspicious palpable breast mass, or a
suspicious mammogram, or a suspicious ultrasound finding were
evaluated for this study. Specifically, we were looking to enroll
subjects with a prior history of breast cancer, or a strong family
history of breast cancer, or a difficult-to-interpret, dense or
inconclusive mammograms warranting a biopsy. No restriction of
participation by race or ethnic origin was anticipated or desired in
this study. The restrictions for inclusion, exclusion, and elimina-
tion of data to be used in the study are listed below.
Inclusion criteria:(i) Difficult-to-interpret, dense or inconclusive mammography,
or a suspicious mammogram, or ultrasound, or suspicious
palpable breast mass, or a prior history of breast cancer, or a
strong family history of breast cancer.(ii) Warranting a breast biopsy.
(iii) Age: 21 years and above
(iv) Gender: females.
(v) Ethnic/racial: any.Exclusion criteria:(i) Weight higher than 300 lbs (scanner size restriction).
(ii) Cardiac pacemakers or other non-compatible with MRI metal
artifacts.
(iii) Claustrophobic subjects.
(iv) Pregnancy, breast-feeding, or if there is a chance of becoming
or being pregnant.
(v) Subjects unable to tolerate positioning for the procedures
due to physical ailment.Elimination criteria:(i) Voluntary departure by the subject.
(ii) Women of childbearing potential who are not practicing a
medically accepted method of birth control are encouraged
not to participate (since there is a risk of becoming pregnant).(iii) At the request of the medical director of this project, if the
subject does not comply with the requirements of the
imaging studies, as outlined in the consent document.5.2. Imaging studies
The MR studies were performed with a 1.5 T MR scanner
(Intera, Philips Healthcare) running version 8.1.3 software with
‘‘master gradient’’ hardware and a standard clinical breast coil
without quadrature detection. For PET/CT studies, we used a PET/
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Fig. 9. Subject #1: comparison of fused functional (PET) and anatomical (MR) breast images. Pixel size: 0.7mm. Regions of interest are marked by yellow ellipses.
First column: after rigid registration only. Second column: after our finite-element model deformation method using fiducial skin markers. Third column: after optional
MR-to-CT surface matching. Subject #1 is 58 years old with focal atypical ductal hyperplasia, sclerosing adenosis, fibrocystic changes, microcalcifications, fibrocystic
changes, and microcalcifications, with history of recurrent ductal carcinoma in situ. For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.
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(Section 4.1).5.3. Image processing
We have tested the performance of our FEMMR-to-PET breast-
image registration method using MR7-derived breast volumes
(moving images) and F-18-FDG-PET volumes (target images). MRI
sequences without fat suppression (e.g. 3D FFE) were the easiest
to use, because the skin could be easily segmented via global
thresholding, thus providing an accurate data on breast surface.
After identification of the corresponding fiducial skin markers
(five or nine pairs per breast) in the target (PET) and in the moving
(MR) images, their geometric centroids were estimated using
Wang’s method [64] and a sparse, discrete displacement field (five
or nine vectors per breast) was obtained (Section 4.3). These data
allowed our FEM model to estimate a dense displacement field
(i.e. to calculate a displacement vector for each mesh node), which
in turn was used to geometrically deform (warp) the moving MR
image in 3D to match the target PET image.
In order to jointly display the coregistered breast volumes, the
registered PET and MR images were fused using the KGB Fusion
Viewer8 program. The registered images have been fused using a
frame-by-frame approach; a ‘‘fire’’ look-up color table (LUT) has
been used to display low-resolution functional F-18-FDG-PET
data, and gray scale has been used to display high-resolution
anatomical MRI data. They were averaged with equal weight.7 Including high-resolution 3D FFE, T1 Axial TSE, T2 Axial TSE, and dynamic
GRE sequences (Table 2).
8 http://www.kgbtechnologies.com/fusionviewer/Examples of fused MR and PET breast images obtained for
three randomly selected study subjects can be found in Figs. 9–11.
They provide the comparison of registered and fused molecular
(PET) and anatomical high-resolution (MR) breast images after
rigid registration only (first column), using only PET and MRI data
(second column), and using PET and CT data (after optional MR-
to-CT surface matching, third column). Visual inspection of the
regions of interest (ROIs) labeled 1, 3, 5, and 7–12 leads to the
conclusion that the standardized uptake values (SUVs) of F-18-
FDG in the glandular tissue of the breast imaged in PET do not
correlate well with the observed morphology of the breast
glandular tissue imaged by MR, after rigid registration only. In
contrast, the images shown in the second and third columns
indicate that application of our method yields improved
registration of the enhanced metabolic activity regions revealed
by PET with the well-defined glandular tissue demonstrated by
high-resolution MRI, in comparison to rigid registration only.
Inspection of ROIs labeled as 2, 4, 6, and 8 reveals the improved
registration of the surface regions away from FSMs where
misregistration was present after using only PET and MR
images. The resulting images demonstrate that the optional MR-
to-CT surface-matching step – a refinement using a CT-derived-
to-MRI-derived volume-matching algorithm – improves not only
the surface but also the volume registration.
The total processing time including second iteration was about
15min per subject.99 Based on using a Dell Precision 670 workstation with a dual-core 3.6GHz
Xeon processor.
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Fig. 10. Subject #2: comparison of fused functional (PET) and anatomical (MR) breast images. Pixel size: 0.7mm. Regions of interest are marked by yellow ellipses.
First column: after rigid registration only. Second column: after our finite-element model deformation method using fiducial skin markers. Third column: after optional
MR-to-CT surface matching. Subject #2 is 59 years old with scattered fibroglandular tissue but no focal masses, and a very strong family history of breast cancer. For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.
Fig. 11. Subject #3: comparison of fused functional (PET) and anatomical (MR) breast images. Pixel size: 0.7mm. Regions of interest are marked by yellow ellipses.
First column: after rigid registration only. Second column: after our finite-element model deformation method using fiducial skin markers. Third column: after optional
MR-to-CT surface matching. Subject #3 is 62 years old with no mammographic evidence of malignancy, with bilateral benign stable microcalcifications, and with lobular
carcinoma in situ in the past. For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.
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The qualitative and quantitative methods used in evaluation of
the performance of our registration algorithm are listed in Table 5.
6.1. Error analysis
We performed five different error analyses: (i) target registra-
tion error vs. number of fiducial skin markers study that evaluated
performance of our registration method vs. the number of FSMs;
(ii) target registration error vs. fiducial skin marker localization
error that estimated error that was introduced when the fiducial
skin markers were localized with various amount of uncertainty;
(iii) errors analysis in fiducial markers co-location between PET
and MRI; (iv) convergence analysis that investigated dependence
of the target registration error on the number of FEM mesh nodes
used; (v) assessment of the internal stress change in the breast
tissue as a function of the breast positioning.Fig. 12. Upper panel: location of selected ROIs and markers in MR breast image of Subje
location, in coronal, axial, and sagittal views, respectively. Lower panel: same ROIs in p
solid squares: ROIs outside the polyhedra. For interpretation of the references to colou
Table 5
The qualitative and quantitative methods used in evaluation of the performance of
our registration algorithm.
Analysis Intensity-based
similarity
measures
Qualitative surface
similarity estimates
1. Target registration error vs.
number of fiducial skin markers
(TRE vs.] of FSM)
2. Target registration error vs.
fiducial localization error
(TRE vs. FLE)
3. Marker co-location error analysis
4. FEM solution convergence
analysis
5. Estimation of breast positioning
error and related stress change in
the breast
1. Mutual
information
(MI)
2. Normalized
mutual
information
(NMI)
1. Isoprojected surface
similarity plot (ISS)
2. Normalized polar
surface similarity
plot (NPSS)
3. z-Axis surface
similarity plot6.1.1. Target registration error vs. the number of fiducial skin
markers
In this analysis, the locations of targets within the breast, as
predicted by the SSHT FEM method, were compared to their actual
locations. This was done as a function of the number of markers
used. A PET image has a relatively low spatial resolution
(approximately 5–7mm), and reveals at best only the rough shape
and size of the organ or tissue under consideration. It is therefore
very difficult to define the same region of interest (target or
landmark) precisely in both MR and PET images in order to perform
the target registration error study. For this reason, we carried out
target registration error studies using only high-resolution MRI data
[25]. To accomplish this task, we first created an FEM mesh and
defined an adequate number (15–25) of regions of interest (ROIs)
over the entire breast spatial domain. Each of the selected ROIs
contained a number of FEM nodes with known labels. Then, we
defined a number of virtual fiducial skin markers in random
locations and applied the SSHT FEM method to the FEM breast
model to intentionally deform and subsequently to create a
simulated target MR image. To assure realistic deformation, we
used displacement vectors estimated in real scans for other
subjects. We next localized the corresponding real fiducial skin
markers in moving (MR) and intentionally deformed MR images,
and estimated their displacement vectors. After that, we deformed
the initial breast model again using the same mesh but with the
observed displacement vectors loaded at real marker locations. We
carried out this process for cases of nine, seven, five, four, and three
fiducial markers. Because, in each case we deformed the same
mesh, this procedure allowed us to keep track of the displacements
of the labeled nodes belonging to the selected ROIs and to compare
the predicted locations of the ROIs vs. calculated locations obtained
using virtual FSMs. The observed differences provide estimates of
the target registration errors. Examples of the ROIs distribution, in
the error study of TRE vs. number of FSMs, are shown on the upper
panels in Fig. 12. In addition to distribution of ROIs and FSMs, the
graphs in the lower panels show polyhedra built by FSMs. They
allow partitioning the ROIs into two classes: ROIs located inside and
outside the volume bounded by the FSMs.ct ]4 used in studies of target registration error (TRE) vs. fiducial skin marker (FSM)
olyhedra defined by the markers. Red solid circles: ROIs inside the polyhedra. Blue
r in this figure legend, the reader is referred to the web version of this article.
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Fig. 13. Relationship between the average target registration error (TRE) and the
number of markers used estimated for three randomly selected subjects. Circles:
data for ROIs located outside the polyhedron defined by the fiducial skin markers,
after our MR-to-PET registration (R2=0.88, slope= 0.18mm/marker with
p=0.02). Diamonds: data for ROIs located outside the polyhedron after the
optional MR-to-CT surface matching (R2=0.67, slope= 0.13mm/marker with
p=0.09). Squares: data for ROIs located inside the polyhedron after our MR-to-PET
registration (R2=0.981, slope= 0.18mm/marker with p=0.04). X symbols: data
for ROIs located inside the polyhedron after the optional MR-to-CT surface
matching (R2=0.88, slope= 0.11mm/marker with p=0.02). The error bars
represent 90% confidence intervals.
Fig. 14. Relationship between average target registration error (TRE) for three
randomly selected subjects and fiducial localization error (FLE) estimated for nine
FSMs per breast. Circles: data for ROIs located outside polyhedron defined by the
fiducial skin markers, after our MR-to-PET registration (R2=0.99, slope=0.35mm/
mm with p=0.003). Diamonds: data for ROIs located outside polyhedron after the
optional MRI-to-CT surface matching (R2=0.98, slope=0.22mm/mm with
p=0.051). Squares: data for ROIs located inside polyhedron after our MR-to-PET
registration (R2=0.90, slope=0.33mm/mm with p=0.010). X symbols: data for
ROIs located inside polyhedron after the optional MRI-to-CT surface matching
(R2=0.97, slope=0.20mm/mm with p=0.016). The error bars represent 95%
confidence intervals.
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markers used estimated for three randomly selected subjects. It is
clear that: (i) the average target registration error for nine FSMs is
below 3mm in all the cases; (ii) TRE strongly depends on the
number of markers used—it doubles for three FSMs vs. nine FSMs
used per breast; and (iii) TRE depends strongly on FSM location,
i.e. TRE is much higher for targets located outside the polyhedra
formed by FSMs as compared to TRE for targets located inside the
polyhedra. The latter finding can be explained by extrapolation
used in the FEM simulations for the targets outside the polyhedra
rather than interpolation used for the targets inside the
polyhedra.6.1.2. Target registration error vs. fiducial marker localization error
This analysis addresses the accuracy of estimating FSM
locations (called fiducial localization error (FLE)) and its relation-
ship with TRE. For each FSM, we introduced randomly oriented
localization error vectors with amplitudes of 0, 1.7, 3.4, and
5.1mm, respectively. The error increment of 1.7mm was chosen
to be one third of the MRI marker diameter. In the analysis, we
used the data for the same subjects with the same ROIs as used in
the study of TRE vs. number of FSMs.
The results obtained for nine FSMs per breast shown in Fig. 14
resemble plots of TRE vs. number of FSMs and can be summarized
as follows: (i) the average TRE due to FLE is below 3mm in all
cases; (ii) TRE strongly depends on FSM location, i.e. TRE is much
higher for targets located outside the polyhedron formed by
FSMs; (iii) TRE increases with FLE; (iv) even in the case ofFLE=5.1mm, i.e. for error vector comparable with a physical size
of MR fiducial marker, TRE is less than one PET voxel (4.25mm).6.1.3. Marker co-location error analysis
We also investigated the co-location error between the two
sets of markers visible in MRI and PET by placing, removing, and
placing again the selected markers, while leaving other markers in
their original positions on patients in both PET and MRI scans. We
then used the marker that was replaced as a target in our
registration process. By applying this procedure, we determined
that the mean FLE was below 2mm.6.1.4. Analysis of FEM solution convergence vs. number of nodes
The finite element method (FEM) software used in the study,
ANSYS ver. 5.7.1, was limited to a maximum of 32,000 nodes. All
our studies were done using this number of nodes. To investigate
the convergence of the FEM model vs. number of nodes used, we
performed a convergence analysis. TRE values were recorded
while the number of nodes was increased gradually starting from
5000 until the maximum number of nodes was reached. The type
of FEM mesh elements was kept the same while changing the
number of nodes. Fig. 15 shows the relationship between average
TRE estimated using 10 different ROIs vs. the number of nodes.
We observe that change in the number of nodes from 5000 to
32,000 does not significantly affect TRE. Its value has changed
merely from 1.63 to 1.49mm, while the number of nodes has
increased six-fold.
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change in the breast
To evaluate the degree of similarity in positioning of the breast
tissue between scans and the related stress change in the breast
tissue, we performed an MRI scan, and asked the subject to leave
the scanner and to return later for a second, identical MRI scan.
The MRI fiducial skin markers were left attached to the breast.
Using these data, we estimated that the mean displacement of
fiducial skin markers due to repositioning in the scanner was
11.573.0mm, resulting in an estimated (2474)% relative breast
strain change. Consequently, using strain–stress relationship
provided by Wellman [60] and Azar [61], the estimated
corresponding relative stress change in the breast is (3772)%.Table 6
Calculated image similarity values.
Subject After rigid registration After SSHT FEM
MI NMI MI
1 1.22 1.10 2.63
2 1.48 1.12 2.09
3 1.40 1.12 1.56
4 1.56 1.15 3.23
5 1.20 1.10 2.57
6 1.34 1.11 2.09
7 1.32 1.11 1.55
8 1.48 1.13 2.09
9 0.58 1.05 4.16
10 2.36 1.22 3.11
11 1.34 1.12 2.63
12 1.83 1.17 4.28
13 1.33 1.11 3.35
14 0.38 1.03 4.41
15 1.76 1.15 3.65
Mean7S.D. 1.37270.468 1.11970.045 2.89370.946
Best value: Maximum value
for two specific images
2.0 Maximum valu
for two specifi
Fig. 15. Example of the relationship between average target registration error
(TRE) and number of nodes used in our FEM registration method estimated for
Subject ]1 (R2=0.97, slope= 0.0058mm per number of nodes with p=0.0016).6.2. Intensity-based similarity metrics
Two intensity-based similarity metrics, mutual information
(MI) and normalized mutual information (NMI), were used to
evaluate the similarity between MR and PET breast images before
and after application of our FEM-based registration method (Table
6). Mutual information is a commonly used similarity metric in
image registration applications. It reaches its maximum when
two images are geometrically aligned but is sensitive to the
amount of overlap between the images [69–71]. Studholme et al.
introduced normalized mutual information (NMI) that accounts
for the degree of overlap between the two images and hence it is
more suitable for MR-to-PET registration quality evaluation [71].
The results collected in Table 6 demonstrate that our nonrigid
iterative multimodality breast-image registration method yielded
improvement in MI and NMI metrics for all 15 subjects, as
compared to rigid registration. However, the second iteration of
our method yielded statistically insignificant similarity values
degradation, as compared to the first iteration. It can be explained
by an increase in the uncertainty in MI and NMI estimation after
the second iteration in our registration method due to application
of image warping for the second time. We recall that image
warping requires image intensity interpolation.
6.3. Qualitative surface similarity estimates
To evaluate our results qualitatively, we implemented three
different similarity measurement plots:(i)first
e
c imaisoprojected surface similarity (ISS),
(ii) normalized polar surface similarity (NPSS),
(iii) z-axis surface similarity (ZSS).The ISS plot is a surface projection image that represents
distances between the corresponding points on the moving (MR)
and the target (PET) image surfaces with the same z-axis
coordinate as an intensity value. In Fig. 16, as an example, we
present the ISS plots for the first three subjects. The results for
other subjects are very similar. Here the amount of
misregistration (i.e. the distance between the correspondingiteration After SSHT FEM second iteration
NMI MI NMI
1.22 2.85 1.24
1.17 2.26 1.19
1.13 1.39 1.11
1.31 3.22 1.31
1.22 2.86 1.26
1.17 1.87 1.15
1.13 1.76 1.15
1.17 1.83 1.15
1.51 4.18 1.52
1.28 N/A N/A
1.23 2.20 1.18
1.42 3.86 1.37
1.29 3.29 1.28
1.44 4.45 1.44
1.32 3.54 1.30
1.26770.116 2.63771.186 1.17770.345
ges
2.0 Maximum value
for two specific images
2.0
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Fig. 16. Isoprojected surface similarity (ISS) plots for the right breast obtained for three subjects participating in this study displayed using RGB values in ‘‘fire’’ LUT.
White dots represent projections of the fiducial skin markers on a common plane.
Fig. 17. Normalized polar surface similarity (NPSS) plots for the right breast obtained for three subjects participating in this study. White dots represent projections of the
fiducial skin markers on a common plane.
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M.Z. Unlu et al. / Computers in Biology and Medicine 40 (2010) 37–5350surface points on the moving, MR, and the target, PET, images),
is related to RGB values in the ‘‘fire’’ LUT and two perfectly
registered images would produce a uniformly black ISSFig. 18. z-Axis surface similarity plots obtained fimage. We performed ISS analyses for all subjects and
observed improvement in the surface registration for all of
them.or three subjects participating in this study.
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isoprojection of the distances between the corresponding points
on the moving (MR) and the target (PET) image surfaces. Its center
corresponds to the apex section of the imaged breast. It is
analogous to a polar plot (bull’s-eye plot) widely used in the
myocardial perfusion imaging [72]. NPSS allows comparison of
registration quality obtained for different subjects. In Fig. 17, as an
example, we show the NPSS plots for the same three subjects as
shown in Fig. 16. We performed NPSS analyses for all subjects and
observed comparable improvement in the surface registration for
all of them.
ZSS is a graph, which represents the average distance between
the corresponding points on the moving and the target image
surfaces with the same z-axis coordinate vs. z. The ZSS plots were
obtained by comparing the moving (MR) and the target (PET)
image surfaces slice by slice in coronal views. In Fig. 18, as an
example, we show the ZSS plots for the same three subjects as
shown in Fig. 16. We performed ZSS analyses for all subjects and
observed improvement in the surface registration for all of them.7. Conclusions
We have developed and tested a new simple computerized
finite element method (FEM) approach for 3D nonrigid registra-
tion of PET and MR breast images. It requires five to nine fiducial
skin markers visible in MRI and PET placed on previously marked
locations on the breast surface during both scans, but contrary to
other published FEM approaches it does not require difficult-to-
obtain, patient-specific mechanical properties of the breast tissue.
In addition, during PET scan it is necessary to position patient
prone, using a plastic replica of the MRI breast coil, similarly to
the MR scan. We have verified that small errors in patient
positioning do not create problems for the registration process.
We demonstrated that under such conditions, the observed
displacement vectors defined by corresponding pairs of fiducial
skin markers between MR and PET images, distributed piecewise
linearly over the breast volume, produce a deformed FEM mesh
that reasonably approximates nonrigid deformation of the breast
tissue between the MRI and PET scans. We emphasize that this
method does not require a biomechanical breast tissue model and
results in the target registration error (TRE) that is below 4mm,
i.e. much below the spatial resolution of PET scanner that is in the
range 6–7mm. If coregistered CT data are available in addition to
PET (e.g. from a PET/CT scanner) then an optional MR-to-CT
surface matching can be performed further lowering TRE to below
3mm. The registration errors of our approach are smaller than
those obtained by application of the state-of-the art registration
methods reported by Somers et al. [29] who used the same model
of PET/CT scanner (Discovery ST) as we did for soft-tissue sarcoma
imaging. They reported TRE of 9.0 and 14.1mm for direct rigid
registration of MR-to-PET images using external fiducial markers
and the voxel-intensity method, respectively, and TRE of 8.5mm
for hybrid (indirect) registration that employed the MR-to-CT
derived transformation to the MR-to-PET registration task.
Because of budgetary constraints, we tested our method on MR
and PET/CT breast images acquired for 15 subjects only. We plan
to increase the number of subjects in the future, in order to
increase the statistical power of the study and to confirm the
validity of our method.
We have observed perfect registration of all fiducial skin
markers visible in MRI to corresponding fiducial skin markers
visible in PET and improved registration of the enhanced
metabolic activity regions revealed by PET with the well-defined
glandular tissue regions demonstrated by high-resolution MRI.
Contrary to other methods such as utilizing voxel intensity-basedsimilarity measures or surface matching, our method works for
matching MR with pure molecular images (e.g. PET only), even
without coregistered CT images from a PET/CT scanner. Our
method does not require a good initialization and would not be
trapped by local minima during a registration process. All
processing including FSMs detection and matching, and mesh
generation can be fully automated. All the computations can be
finished in about 15min on a commonly available workstation.
Based on the results obtained for 15 subjects studied to date, we
conclude that this is a very fast and well-performing method for
MR-to-PET breast-image nonrigid registration. Consequently, it is
a promising approach in clinical practice. This method can be
easily applied to nonrigid registration of MRI or CT of any type of
soft-tissue images to their molecular counterparts such as
obtained using PET or SPECT.
It is known that the combination of functional and molecular
data from multiple sources (e.g. dynamic MR and molecular
imaging), along with complementary anatomic information
provided by MRI and CT, increases the diagnostic efficacy for
breast cancer detection, staging, and assessment of the response
to therapy. Therefore, the availability of a robust and fast
registration method for breast PET and breast MRI, would allow
clinical implementation of multimodality imaging of the breast
and other soft tissues.Acknowledgments
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